
Mechanics Based Design of Structures and Machines
An International Journal

ISSN: 1539-7734 (Print) 1539-7742 (Online) Journal homepage: www.tandfonline.com/journals/lmbd20

Regression surrogate modeling for structural
optimization of rear underrun protection device
(RUPD) for trucks

Sachin M. Bhosle, Sangram S. Bhosale, Shrikant C. Mahadik & Sunil M.
Pondkule

To cite this article: Sachin M. Bhosle, Sangram S. Bhosale, Shrikant C. Mahadik & Sunil M.
Pondkule (2026) Regression surrogate modeling for structural optimization of rear underrun
protection device (RUPD) for trucks, Mechanics Based Design of Structures and Machines, 54:1,
2627622, DOI: 10.1080/15397734.2026.2627622

To link to this article:  https://doi.org/10.1080/15397734.2026.2627622

Published online: 03 Mar 2026.

Submit your article to this journal 

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=lmbd20

https://www.tandfonline.com/journals/lmbd20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/15397734.2026.2627622
https://doi.org/10.1080/15397734.2026.2627622
https://www.tandfonline.com/action/authorSubmission?journalCode=lmbd20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=lmbd20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/15397734.2026.2627622?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/15397734.2026.2627622?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/15397734.2026.2627622&domain=pdf&date_stamp=03%20Mar%202026
http://crossmark.crossref.org/dialog/?doi=10.1080/15397734.2026.2627622&domain=pdf&date_stamp=03%20Mar%202026
https://www.tandfonline.com/action/journalInformation?journalCode=lmbd20


Regression surrogate modeling for structural optimization 
of rear underrun protection device (RUPD) for trucks

Sachin M. Bhoslea,b , Sangram S. Bhosalea,b, Shrikant C. Mahadika,b, and  
Sunil M. Pondkuleb,c 

aMechanical Engineering, Vidya Pratishthan’s Kamalnayan Bajaj Institute of Engineering and Technology, 
Baramati, Maharashtra, India; bMechanical Engineering, Savitribai Phule Pune University, Pune, Maharashtra, 
India; cMechanical Engineering, Sharadchandra Pawar College of Engineering, Someshwarnagar, Maharashtra, 
India 

ABSTRACT 
This study presents a regression-based surrogate modeling framework 

for analyzing the quasi-static structural response of a truck rear underrun 
protection device (RUPD). Finite element data from five configurations are 
used to examine the effect of slot distance from the mounting plane (50– 
150 mm) as a single geometric parameter. Low-order polynomial surro
gates are developed for von Mises stress, factor of safety (FoS), and mass, 
enabling interpolation between discrete designs. Results show a mono
tonic increase in FoS with slot distance; relative to the 125 mm reference, 
the maximum distance yields a 30.8% FoS increase and 25.7% stress reduc
tion, at the cost of higher mass.
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1. Introduction

Rear underrun collisions between passenger vehicles and heavy commercial trucks remain a major 
global road-safety concern, frequently resulting in severe or fatal injuries due to intrusion of the 
smaller vehicle beneath the truck chassis (Brumbelow and Blanar 2012; Anderson et al. 2004; 
Bende and Gwehenberger 2005; Marine, Wirth, and Thomas 2002). Accident statistics from 
North America and Europe indicate that a substantial proportion of fatal rear-end crashes involve 
heavy vehicles, highlighting the critical role of effective and regulation-compliant rear underrun 
protection devices (RUPDs) (Atahan 2003; Joshi, Jadhav, and Joshi 2012; Sen et al. 2014). An 
RUPD functions as a structural barrier mounted at the rear of a truck to limit underride and 
reduce passenger-compartment intrusion during rear-end impacts (Rakesh, Singh, and Srinivas 
2017; Trego et al. 2003; Brumbelow 2015). Figure 1A illustrates representative real-world colli
sions in which inadequate or absent RUPDs led to severe underride outcomes (Al-Bahash, 
Ansari, and Shah 2018).

In response to these safety challenges, regulatory frameworks such as UNECE R58, FMVSS, 
and AIS prescribe minimum strength, stiffness, and deflection requirements for RUPDs, motivat
ing sustained research into improved structural design, materials, and geometric configuration 
(European Commission 2022). Owing to the high cost and complexity of full-scale crash testing, 
finite element analysis (FEA) has become the primary tool for evaluating RUPD structural per
formance under standardized loading conditions (Park, Kim, and Lee 2019; Gupta, Sharma, and 
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Gupta 2020; Zhang, Li, and Sun 2021; Vats, Singh, and Sharma 2022; Kim, Park, and Wang 
2018). Numerous studies have demonstrated that FEA provides reliable insight into stress distri
bution, deformation behavior, and load transfer mechanisms relevant to underride protection 
design and regulatory compliance (Jaiswal and Singh 2021; Li, Sun, et al. 2020; Wang, Li, and 
Yao 2022; Saini, Kumar, and Mehta 2023).

In the authors’ prior work, a three-dimensional CAD model of a hollow-section RUPD cross- 
bar was developed in accordance with regulatory geometry constraints. The geometric configur
ation of the RUPD cross-bar considered in this study is illustrated in Figure 2. The model con
sists of a hollow rectangular section incorporating an internal slot geometry, which serves as the 
primary parametric feature investigated in the present analysis. The slot distance from the fixed 
mounting plane is varied systematically to evaluate its influence on stress distribution, factor of 
safety, and structural mass under quasi-static loading conditions. A mesh-convergence study iden
tified a mesh-independent configuration (35,558 nodes and 20,651 elements), and linear-elastic 
ASTM A36 steel properties were applied. The initial design satisfied stress and displacement 
requirements, yielding a maximum von-Mises stress of 184.6 MPa and a factor of safety (FoS) of 
1.35. Subsequent FE-based parametric evaluation identified the longitudinal position of the 
internal slot relative to the fixed mounting interface as a dominant geometric parameter influenc
ing stress, FoS, and structural mass. Analytical surrogate exploration further indicates that FoS 
increases monotonically across the investigated slot-distance range, with the upper bound 
(150 mm) representing the analytical limit of the safety trend rather than an optimized design 
solution.

Although FE-based parametric studies provide high-fidelity structural insight, repeated simula
tions are computationally expensive and impractical for rapid design-space exploration. To 
address this limitation, surrogate modeling techniques have been widely adopted to approximate 
FE responses using computationally inexpensive analytical representations (Forrester, Sobester, 
and Keane 2008; Queipo et al. 2005; Santner, Williams, and Notz 2003; Lophaven, Nielsen, and 

Figure 1. (a) Examples of real-world rear-end collisions showing severe passenger-car underride due to the absence or inad
equacy of RUPD (Al-Bahash, Ansari, and Shah 2018). (b) Schematic illustration defining the slot distance d and the fixity con
straint location.
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Søndergaard 2010; Haftka and G€urdal 2019). Such approaches enable efficient visualization of 
response trends, sensitivity assessment, and preliminary design screening without exhaustive FE 
recomputation (Razavi et al. 2012; Keshavarz, Dey, and Ulutan 2021; Mahdavi and Seyed- 
Esfahani 2020; Farrokh, et al. 2022; Li, et al. 2021). While advanced surrogate models such as 
Kriging, radial basis functions, and neural networks are commonly applied in high-dimensional 
or highly nonlinear problems (Shan and Wang 2010; Lyu, Khodadadi, and Luo 2021; Gohari and 
Kiani 2021; Farrokh and Khajepour 2022), low-order polynomial regression remains effective 
when structural responses are smooth, monotonic, and data availability is limited (Lyu, 
Khodadadi, and Luo 2021; Gohari and Kiani 2021). In such cases, polynomial surrogates offer 
transparency, numerical robustness, and reduced overfitting risk, making them particularly suit
able for early-stage, physics-informed design studies.

Motivated by these considerations, the present work develops regression-based surrogate mod
els using five high-fidelity FE configurations generated in the authors’ earlier study. The surro
gates analytically represent the relationship between slot distance and three structural response 
quantities: maximum von-Mises stress, factor of safety, and structural mass. Rather than seeking 
a non-intuitive geometric optimum, the objective is to demonstrate how a deliberately sparse FE 
dataset can be transformed into a continuous analytical representation of structural safety trends. 
This enables systematic interpretation of geometric sensitivity and comparative evaluation of 
intermediate configurations under simplified loading assumptions, without additional FE 
simulations.

The authors have previously contributed to computational mechanics and data-driven model
ing of mechanical systems, including finite-element-based structural response analysis and regres
sion-based surrogate modeling (Mahadik et al. 2025; Bhosle et al. 2025; Pondkule, Bhosle, and 
Mahadik 2026; Pondkule and Bhosle 2025). These studies provide the methodological foundation 
for the present work, particularly in integrating high-fidelity numerical simulations with interpret
able regression frameworks for analytical design-space exploration.

Accordingly, this paper presents a rigorously constrained case study examining the effective
ness and practical limits of low-order polynomial surrogates for analytical trend interpretation in 
single-parameter structural design problems under extreme data scarcity. The contribution lies 
not in identifying a novel optimum, but in demonstrating how interpretable regression-based sur
rogates can support transparent evaluation of stress redistribution, safety-margin evolution, and 
mass sensitivity, while explicitly acknowledging the boundaries between interpolation, extrapola
tion, and physical predictability. Within this scope, the study positions polynomial surrogate 
modeling as a complementary analytical tool for early-stage structural assessment rather than a 
substitute for high-fidelity crash simulations or comprehensive optimization frameworks.

2. Materials and methods

This section describes the geometric parameterization, finite element modeling assumptions, and 
surrogate modeling framework adopted to evaluate the influence of slot distance on RUPD struc
tural response.

2.1. RUPD geometry and CAD modelling

The rear underrun protection device (RUPD) geometry considered in this study complies with 
the dimensional requirements specified in UNECE Regulation R58 and AIS-069 and is represen
tative of configurations commonly reported in recent structural safety studies (Kanyilmaz and 
Ozakgul 2021; Zhang, Wang, and Xu 2020; Zhou, Li, and Xu 2021). The CAD model, developed 
in the authors’ prior work, consists of a hollow rectangular steel cross-bar with outer dimensions 
of 100 mm � 150 mm and an internal elongated slot measuring 50 mm � 80 mm. Hollow-section 
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RUPD designs are widely adopted due to their favorable balance between bending stiffness and 
mass efficiency in protective structures (Jones et al. 2022; Alsaleh and Aljuaid 2021).

The total cross-bar length is 2,250 mm, satisfying standard truck-width constraints and mount
ing clearances. In the present study, the fixity constraint refers to the rear mounting interface of 
the RUPD assembly, where all translational and rotational degrees of freedom are constrained to 
represent rigid attachment to the truck chassis.

The geometric design parameter investigated is the slot distance d, defined as the longitudinal 
distance measured along the primary load-transfer axis of the RUPD beam from the fixed mount
ing plane to the centerline of the internal slot. This parameter governs the relative position of the 
material discontinuity with respect to the fixed boundary and influences local stress redistribution 
and bending response under applied loading. A schematic illustration defining the slot distance d 
and the fixity constraint location is provided in Figure 1B to ensure clarity and reproducibility.

To facilitate load and boundary condition assignment, the CAD geometry was partitioned to 
define five load-application regions and two support interfaces, following modeling practices 
reported in prior studies on underride protection and automotive safety structures (Al Batayneh, 
et al. 2022). The finalized CAD model was subsequently exported for finite element analysis.

Figure 2. CAD model of the rear underrun protection device (RUPD) cross-bar showing the hollow rectangular section and 
internal slot geometry used for finite element analysis.
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2.2. Finite element Simulation setup

Finite element (FE) simulations were performed using SOLIDWORKS Simulation with tetrahe
dral solid elements. A sufficiently refined mesh is required to accurately capture stress gradients 
in thin-walled protective structures, particularly near fixed boundaries and geometric discontinu
ities. Consistent with recommendations from recent FE-based structural assessments of safety- 
critical automotive components (Prabhu and Kumar 2021; Li, Sun, et al. 2020; Aghdam and 
Ziaei-Najafabadi 2021), a mesh convergence study was conducted using four progressively 
refined mesh densities. The final mesh configuration (35,558 nodes and 20,651 elements) was 
selected based on convergence of peak von-Mises stress and is treated as mesh-independent in 
the present analysis. Four progressively refined mesh configurations were evaluated to assess 
mesh convergence. The fourth configuration, corresponding to the finest mesh with 35,558 
nodes and 20,651 tetrahedral elements, showed negligible change in peak von-Mises stress rela
tive to further refinement and was therefore considered mesh-independent. This mesh configur
ation was used for all subsequent simulations to ensure numerical consistency across the 
parametric study.

The material was modeled as ASTM A36 structural steel with elastic properties defined by 
Young’s modulus E¼ 200GPa and Poisson’s ratio �¼ 0.26, and a nominal yield strength of 
250 MPa. A linear-elastic material formulation was intentionally adopted to evaluate relative stress 
redistribution and stiffness trends associated with geometric variation, rather than to simulate 
post-yield or failure behavior. Such linear-elastic, quasi-static FE frameworks are commonly 
employed during the early-stage evaluation of rear underrun protection devices (RUPDs) and 
other passive safety structures to isolate geometric effects before more complex, nonlinear impact 
analyses (Hosseini and Abedi 2022; Pinto and Silva 2022).

Quasi-static loads of 58 kN and 99 kN were applied to the designated loading faces in 
accordance with standardized static loading procedures reported in the literature for underrun 
protection assessment (Manoj, Arunkumar, and Srinivas 2021). Fixed boundary conditions 
were imposed on the mounting faces to represent attachment to the vehicle chassis. The 
adopted loading and boundary conditions provide a consistent basis for comparative evalu
ation of geometric configurations within the defined scope of the study. Figure 3 illustrates 
the FE model geometry, boundary conditions, and loading configuration adopted in the 
simulations.

Figure 3. Model of the rear underrun protection device (RUPD) with slot feature and mounting region, applied boundary condi
tions showing fixed supports at the mounting faces, and quasi-static load application on the designated impact faces following 
standardized loading procedures. Arrows indicate load direction, and shaded regions denote constrained surfaces.
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2.3. Dataset extraction for regression

Prior FEA optimization performed by the authors identified slot distance from the fixity con
straint as the most influential geometric parameter. Similar geometric-parameter sensitivity has 
been reported in studies analyzing lightweight protective structures and hollow-section perform
ance (Hadidi and Ghannam 2021; Xu, Wang, and Chen 2021). Based on five FE simulations cor
responding to slot distances between 50–150 mm, the resulting stress, factor-of-safety, and mass 
values were extracted for surrogate modeling. Table 1 summarizes the finite element simulation 
results for five discrete slot-distance configurations selected to capture the monotonic structural 
response across the investigated design range.

Such limited but high-fidelity datasets are characteristic of FE-driven engineering optimization 
workflows, where each simulation is computationally expensive but highly accurate (Othman and 
Elmarakbi 2022; Beheshti and Nikoyan 2021). This motivates the development of analytical surro
gate regression models. The parametric study is intentionally limited to five finite element simula
tions corresponding to discrete slot-distance configurations within the investigated design range. 
While this sample size is insufficient for developing statistically generalizable predictive models, it 
is adequate for describing smooth, monotonic response trends associated with a single geometric 
parameter under simplified loading conditions. The limited dataset therefore, supports interpola
tive trend characterization and relative comparison of configurations rather than extrapolative 
prediction or probabilistic inference.

2.4. Regression model formulation

Polynomial regression models of first, second, and third order were evaluated to approximate the 
relationship between slot distance and the finite element (FE) response quantities. Polynomial 
surrogate modeling is widely used in lightweight structural design and crashworthiness studies 
due to its analytical transparency, numerical stability, and suitability for smooth response behav
ior under limited data availability (Shan and Wang 2010; Lyu, Khodadadi, and Luo 2021; Gohari 
and Kiani 2021).

The five slot-distance values selected for FE evaluation (50, 75, 100, 125, and 150 mm) were 
chosen to systematically span the full admissible design range defined by geometric constraints 
and prior FE assessment. This structured sampling includes the lower and upper bounds as well 
as intermediate configurations, enabling capture of monotonic trends and response curvature 
while maintaining a deliberately sparse dataset. The objective is not to maximize surrogate accur
acy, but to assess whether low-order polynomial models can meaningfully interpolate smooth 
structural responses using minimal, strategically placed simulations.

Selection of polynomial order for each response variable was guided by expected physical 
behavior rather than purely statistical fitting. Stress redistribution in thin-walled structures sub
jected to geometric offsets typically exhibits second-order dependence, motivating the use of a 
quadratic model for von-Mises stress. Structural mass varies deterministically with material vol
ume and is therefore represented using a linear relationship. The factor of safety, being a derived 
quantity dependent on stress magnitude relative to allowable strength, exhibits compounded 

Table 1. FE-derived dataset for surrogate modeling.

Slot Distance (mm) Max von-Mises Stress (MPa) Factor of Safety Mass (kg)

50 351.8 0.7 15.2
75 300.7 0.8 16.3
100 249.6 1.0 17.5
125 198.5 1.3 18.7
150 147.4 1.7 19.6
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nonlinearity and is represented using a cubic polynomial to capture its smooth monotonic curva
ture without introducing oscillatory behavior (Farrokh and Khajepour 2022).

Model selection was based on a combination of goodness-of-fit metrics (R2 and RMSE), 
residual behavior, sensitivity to limited data, and physical interpretability. Given the small dataset 
size, preference was given to the lowest-order polynomial that adequately captured the observed 
trends without unnecessary complexity, thereby reducing overfitting risk and ensuring stable ana
lytical representation.

2.5. Model fitting and validation metrics

Model performance was evaluated using standard goodness-of-fit and error metrics, including the 
coefficient of determination (R2), root-mean-square error (RMSE), and mean absolute percentage 
error (MAPE). These metrics are commonly used in surrogate modeling studies to assess internal 
consistency and descriptive adequacy of regression-based approximations in structural mechanics 
applications (Myers, Montgomery, and Anderson-Cook 2016; Cawley and Talbot 2010; 
Dissanayake, et al. 2021).

Given the limited dataset size, leave-one-out cross-validation is employed as a diagnostic meas
ure to assess internal consistency and coefficient stability rather than as evidence of statistically 
robust generalization. In this context, LOOCV serves to identify potential sensitivity to individual 
data points and to confirm that the fitted surrogates exhibit stable behavior under minimal perturb
ation of the dataset [62]. Prediction intervals and coefficient confidence intervals were also eval
uated to characterize uncertainty in interpolated responses within the investigated design range.

2.6. Optimization formulation

The surrogate modeling framework is used to derive a continuous analytical representation of the 
factor of safety as a function of slot distance, FoS(d), enabling systematic exploration of safety 
trends across the design domain. Regression-based analytical representations are frequently 
adopted in early-stage structural studies to reduce reliance on repeated FE evaluations and to sup
port parametric interpretation of response behavior (Pourazadi and Mirzadeh 2020; Wang, Liu, 
and Sun 2021; Ye and Zhang 2021).

In the present study, the analytical FoS(d) surrogate is examined over the prescribed design 
range of 50 mm � d� 150 mm to identify how safety margins evolve with geometric modifica
tion. While the closed-form surrogate allows identification of stationary points, the resulting 
behavior reflects the monotonic trend already present in the FE data. Accordingly, the surrogate- 
based result is interpreted as an analytical confirmation of safety variation rather than as an 
independent design optimization outcome. Although the surrogate function permits analytical 
evaluation of the factor of safety over the prescribed range, no algorithmic optimization proced
ure is employed in this study. Because the FoS response increases monotonically with slot 
distance and no mass constraint is imposed, the maximum FoS value occurs at the boundary of 
the design domain and is interpreted as the analytical upper bound of the safety trend rather 
than as an optimized design solution.

For reference, the analytical safety trend is compared with the constraint-satisfying configur
ation identified in prior FE analysis (d¼ 125 mm), allowing assessment of how surrogate-based 
analytical exploration aligns with discrete FE observations under simplified assumptions.

3. Results

This section presents the finite element (FE) results and the corresponding regression-based sur
rogate models used to examine how maximum von-Mises stress, factor of safety (FoS), and 
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structural mass vary with slot distance. All surrogate models were constructed using the FE- 
derived dataset summarized in Table 1. The results include fitted regression coefficients, model 
accuracy metrics, and graphical comparisons between surrogate predictions and FE data. The 
objective is to demonstrate the ability of low-order polynomial surrogates to interpolate smooth 
structural response trends within the investigated design range.

3.1. Regression model fit for maximum von-mises stress

Polynomial regression models of varying order were evaluated to represent the dependence of 
maximum von-Mises stress on slot distance ddd. The finite element results exhibit a smooth, 
monotonic reduction in stress with increasing slot distance, indicating that low-order polynomial 
surrogates are appropriate for capturing the underlying response behavior. Linear, quadratic, and 
cubic models were assessed using goodness-of-fit metrics (R2 and RMSE), residual behavior, and 
model parsimony.

The linear model reproduced the overall trend but exhibited systematic curvature in the resid
uals, indicating insufficient flexibility. The cubic model yielded only a marginal increase in R2 

relative to the quadratic fit, with negligible improvement in RMSE and increased sensitivity to 

Figure 4. Representative finite element results showing von-Mises stress distribution in the rear underrun protection device 
(RUPD) under quasi-static loading. The contours highlight stress concentration near the fixed mounting plane and geometric dis
continuities, illustrating the influence of slot position on stress redistribution within the structure.
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individual data points during leave-one-out cross-validation, indicating a higher risk of overfitting 
under data-scarce conditions. In contrast, the quadratic model achieved high accuracy (R2 ¼

0.9953), stable residual behavior, and consistent coefficients across cross-validation iterations, pro
viding an effective balance between accuracy, numerical robustness, and interpretability. This 
selection is consistent with nonlinear yet well-behaved stress redistribution commonly reported 
for thin-walled structural components subjected to geometric offsets (Hadidi and Ghannam 2021; 
Xu, Wang, and Chen 2021; Othman and Elmarakbi 2022; Beheshti and Nikoyan 2021).

Stress surrogate quadraticð Þ : r dð Þ ¼ a0 þ a1d þ a2d2 (1) 

Factor of Safety surrogate cubicð Þ : FoS dð Þ ¼ b0 þ b1dþ b2d2 þ b3d3 (2) 

Mass surrogate linearð Þ : W dð Þ ¼ c0 þ c1d (3) 

Where: d is the slot distance (mm), r(d) is the maximum von-Mises stress (MPa), FoS(d) is 
the factor of safety (–), and W(d) is the structural mass (kg). The fitted coefficients and corre
sponding 95% confidence intervals for the quadratic stress surrogate are summarized in Table 2, 
and the associated accuracy metrics are presented in Table 3.

Model accuracy metrics are presented in Table 3.
To account for uncertainty arising from the limited dataset, 95% prediction intervals were 

computed and included in the regression plots. Prediction intervals provide a transparent measure 
of variability in individual surrogate predictions and are therefore more appropriate than confi
dence intervals for small-sample analysis. Figure 5 compares the FE stress values with the quad
ratic surrogate across the investigated design range, demonstrating close agreement and smooth 
interpolation between discrete configurations, thereby supporting analytical interpretation of 
stress redistribution with respect to slot distance without overstating predictive generalization.

3.2. Regression model for factor of safety (FoS)

Both indirect estimation of the factor of safety using the reciprocal relationship FoS ¼ 250/r(d) 
and direct regression fitting were examined. Because reciprocal transformations can amplify 
numerical sensitivity, particularly under limited data availability, the FoS surrogate was fitted dir
ectly to the FE-derived FoS values. With five data points, the resulting surrogate is used for ana
lytical trend characterization rather than predictive extrapolation.

A cubic polynomial was selected to represent the nonlinear dependence of FoS on slot dis
tance. Lower-order models were unable to capture the observed curvature associated with the 
inverse stress relationship, while higher-order models were avoided to limit overfitting risk. The 
cubic model provides sufficient flexibility to describe the smooth, monotonic evolution of the 

Table 2. Fitted coefficients for the quadratic stress surrogate.

Coefficient Value 95% CI

a₀ 431.64 [410.2, 452.8]
a₁ –4.580 [–5.12, −4.01]
a₂ 0.0149 [0.012–0.018]

Table 3. Accuracy metrics for the quadratic stress surrogate.

Metric Value

R2 0.9953
Adjusted R2 0.9937
RMSE 6.82 MPa
MAPE 2.49%
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safety margin without introducing artificial oscillations. The fitted coefficients are reported in 
Table 4, and corresponding accuracy metrics are provided in Table 5.

Figure 6 compares the FE-derived FoS values with the cubic surrogate, demonstrating close 
agreement across the investigated design range. The surrogate enables analytical examination of 
safety-margin variation with slot distance under the adopted modeling assumptions, supporting 
transparent interpretation of safety trends rather than predictive generalization.

3.3. Regression model for mass

The structural mass exhibits an approximately linear increase with slot distance, reflecting the 
deterministic geometric relationship between slot position and effective material removal. Mass 
variation with slot distance exhibited a near-linear trend, reflecting deterministic geometric vol
ume changes. Higher-order polynomials did not improve accuracy and were therefore unneces
sary. As the slot is shifted away from the fixed mounting plane, a smaller portion of material is 
removed from the highly constrained load-carrying region, resulting in a gradual increase in total 

Figure 5. Maximum von-Mises stress versus slot distance showing FE data points, quadratic surrogate fit, and 95% prediction 
interval (shaded).

Table 4. Cubic model coefficients.

Coefficient Value

b₀ –0.183
b₁ 0.0165
b₂ –1.37� 10−4

b₃ 3.00� 10−7

Table 5. Accuracy metrics for the cubic FoS surrogate.

Metric Value

R2 0.9984
RMSE 0.020
MAPE 2.31%

10 S. M. BHOSLE ET AL.



mass. A linear regression model was therefore adopted to represent this trend. The mass surro
gate is expressed as:

W dð Þ ¼ c0 þ c1d 

where d denotes the slot distance in millimeters. The fitted coefficients are: c0 ¼ 10.67 and c1 ¼

0.060. The linear model shows close agreement with the finite element (FE) data, achieving a 
coefficient of determination R2 ¼ 0.9967 and a root-mean-square error of 0.17 kg. Figure 7
presents the FE mass values alongside the linear surrogate, illustrating the smooth and nearly pro
portional relationship between mass and slot distance. The near-linear mass trend reflects deter
ministic geometric volume effects, justifying the use of a first-order surrogate.

The results confirm that mass variation is governed primarily by geometric volume effects and 
behaves predictably for hollow-section parametric modifications, consistent with prior observa
tions in lightweight structural design studies (Alsaleh and Aljuaid 2021; Xu, Wang, and Chen 
2021). The linear surrogate therefore provides a reliable means for estimating weight changes dur
ing early-stage design assessments and for evaluating safety–weight tradeoffs associated with geo
metric modification.

3.4. Leave-one-out cross-validation (LOOCV)

Leave-one-out cross-validation (LOOCV) was employed to assess the internal consistency of the 
surrogate models under limited data availability. In LOOCV, each finite element (FE) data point 
is sequentially excluded, the surrogate model is refitted using the remaining points, and the 
excluded response is predicted. The resulting errors provide an indication of model sensitivity to 
individual data points and potential instability when data are scarce (Cawley and Talbot 2010; 
Dissanayake, et al. 2021; Xu and Ghosh 2021).

Given the small dataset size, LOOCV is used here as a diagnostic measure of model stability 
rather than as evidence of generalizable predictive performance. The LOOCV root-mean-square 
error (RMSE) values summarized in Table 6 indicate consistent surrogate behavior across the 
available FE data, supporting reliable trend representation within the investigated design range.

Figure 6. Factor of safety versus slot distance showing FE data points, cubic surrogate fit, and 95% prediction interval (shaded).
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The LOOCV results indicate consistent model behavior across the available data points; how
ever, given the limited dataset size, these results should be interpreted as an assessment of 
internal model stability rather than a guarantee of predictive generalization.

3.5. Analytical exploration of safety trends

The surrogate representation of the factor of safety (FoS) enables analytical examination of how 
structural safety evolves with slot distance within the prescribed design bounds (50 mm �
d� 150 mm). Inspection of the surrogate response reveals a monotonic increase in FoS across the 
investigated range. Consequently, under a single-objective formulation that considers safety alone, 
the maximum FoS occurs at the upper boundary of the design domain.

This outcome does not represent the identification of a nontrivial interior optimum, but rather 
confirms the continuous safety trend observed in the FE data through an analytical framework. 
The surrogate model, therefore, serves to quantify safety margins relative to a constraint-satisfying 
reference design, rather than to replace multi-criteria engineering decision-making.

3.6. Comparison with FE-based optimum

A slot distance of 125 mm was identified in the finite element (FE) study as a reference configur
ation satisfying the minimum safety requirement (FoS � 1.3) while maintaining acceptable struc
tural mass and manufacturability. The surrogate-based analytical exploration indicates that the 
factor of safety increases monotonically over the investigated slot-distance range, reaching its 

Figure 7. Structural mass versus slot distance showing FE data points, linear surrogate fit, and 95% prediction interval (shaded).

Table 6. LOOCV error summary for surrogate models.

Output LOOCV RMSE Interpretation

Stress 8.52 MPa Stable trend representation
FoS 0.027 Consistent with analytical trend
Mass 0.22 kg Minimal deviation
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maximum value at the upper bound (150 mm). This value therefore represents the analytical 
upper-bound of the safety trend rather than an optimized design solution. This configuration is 
therefore treated as a constraint-satisfying baseline rather than a formally optimized solution. In 
the present study, surrogate modeling is used to analytically explore how the factor of safety 
evolves continuously beyond this reference design when safety is treated as the sole objective. The 
surrogate-based analytical exploration indicates that safety margins continue to increase up to the 
upper bound of the investigated slot-distance range. Under this formulation, the surrogate 
response indicates that further increases in slot distance lead to higher safety margins, reaching a 
theoretical upper-bound configuration at the design limit (150 mm). The maximum FoS observed 
at a slot distance of 150 mm corresponds to the upper limit of the investigated range and reflects 
the monotonic nature of the surrogate response, rather than the outcome of a constrained opti
mization process. This comparison illustrates how surrogate models can be used to assess safety 
margins relative to a practical reference design, rather than to replace engineering judgment or 
multi-criteria decision-making. A comparison of the two designs is summarized in Table 7.

Additional stress surrogate diagnostics, including prediction intervals (PI), confidence inter
vals (CI), and observed–predicted agreement, are summarized in Figure 8. These diagnostics 
provide a consolidated assessment of the internal consistency of the quadratic stress surrogate 
relative to the available FE data. The prediction-interval plot illustrates the expected variability 
of individual observations within the investigated design range, while the confidence-interval 
plot reflects the uncertainty associated with the estimated mean response. The observed–pre
dicted scatter plot indicates close agreement with the FE results and no apparent systematic 
bias. It is emphasized that, given the limited number of FE samples, these diagnostics support 
consistency and trend representation rather than statistical generalization or guaranteed predict
ive performance.

3.7. Summary of results

The finite element simulations and corresponding surrogate models collectively describe how 
structural safety metrics of the RUPD vary with slot distance under the adopted linear-elastic, 
quasi-static assumptions. For configurations where the computed factor of safety (FoS) falls below 
unity, the results indicate exceedance of the elastic limit and are therefore interpreted as compara
tive indicators of insufficient elastic safety rather than physically accurate post-yield predictions. 

Table 7. Comparison of FE-selected and surrogate-optimized designs.

Method Optimum d (mm) FoS Mass (kg)

FE-based design 125 1.30 18.7
Surrogate-based (maximize FoS) 150 1.70 19.7

Figure 8. Combined diagnostic plots for the quadratic stress surrogate: (left) stress vs slot distance with 95% prediction interval 
(PI), (middle) stress vs slot distance with 95% confidence interval (CI), and (right) observed versus predicted stress values with 
dashed line indicating ideal agreement.
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Reporting these values enables consistent assessment of relative safety trends across the investi
gated design range.

The regression-based surrogates provide smooth analytical representations of the observed 
finite element responses. The quadratic stress model, cubic FoS model, and linear mass model 
exhibit close consistency with the available FE data, reflecting the monotonic and smoothly vary
ing structural behavior within the investigated parameter range. Given the limited dataset, the 
reported coefficients of determination and error metrics should be interpreted as indicators of 
internal consistency and trend representation rather than statistically robust predictive accuracy.

Analytical exploration of the surrogate responses shows that the factor of safety increases con
tinuously with slot distance within the examined bounds. Relative to the constraint-satisfying FE 
reference configuration at a slot distance of 125 mm. In contrast, the surrogate-based analytical 
exploration considers only the variation of factor of safety with slot distance and indicates that 
higher safety margins are obtained toward the upper bound of the investigated range (150 mm). 
The upper-bound configuration at 150 mm exhibits higher safety margins, accompanied by 
increased structural mass. This behavior illustrates the inherent tradeoff between safety enhance
ment and weight that governs the design of protective structures, rather than identifying a 
nontrivial optimal solution. This configuration exhibits increased structural mass relative to the 
finite-element reference design, a tradeoff that is not explicitly penalized in the present single- 
objective formulation. Accordingly, the surrogate-based result should be interpreted as a safety 
upper-bound indicator rather than a mass-optimal or globally optimal design.

Overall, the results demonstrate that regression-based surrogate modeling can support efficient 
interpretation of geometric safety trends and facilitate continuous assessment of design-space 
behavior without repeated finite element re-analysis. Within its defined scope, the surrogate 
framework complements FE simulations by enabling analytical comparison of design alternatives 
and providing a foundation for future studies incorporating multiple design variables, nonlinear 
material behavior, and multi-objective optimization.

Regression performance:

� Stress surrogate: R2 ¼ 0.9953, RMSE ¼ 6.82 MPa
� FoS surrogate: R2 ¼ 0.9984, RMSE ¼ 0.020
� Mass surrogate: R2 ¼ 0.9967, RMSE ¼ 0.17 kg

Optimization result:

� Surrogate optimum slot distance: 150 mm
� Corresponding FoS: 1.70
� Corresponding stress: 147.4 MPa
� Corresponding mass: 19.7 kg

Percent change vs FE-optimum (125 mm):

� FoS Improvement ¼ (1.70 − 1.30)/1.30� 100¼ 30.8%
� Stress Reduction ¼ 198.5198.5 − 147.4� 100¼ 25.7%
� Mass Penalty ¼ 18.719.7 − 18.7� 100¼ 5.35%

4. Discussion

The surrogate modeling results provide insight into how low-order regression models can be 
effectively applied under extreme data-scarcity in early-stage structural design. The ability of a 
quadratic model to represent stress variation indicates that the dominant mechanical response is 
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governed by smooth geometric stress redistribution rather than localized instability or nonlinear 
interaction. Such behavior is characteristic of stiffness-controlled responses in thin-walled struc
tures, where stress sensitivity to geometric offsets commonly follows second-order trends. In con
trast, the near-linear mass response reflects deterministic volume effects associated with slot 
relocation, while the higher-order representation required for factor of safety arises from its com
pounded dependence on stress magnitude and allowable strength. These observations suggest that 
surrogate order selection can often be guided by expected physical behavior rather than purely 
statistical metrics, particularly when response trends are smooth and monotonic.

The present study adopts a linear-elastic, quasi-static finite element framework to isolate the 
influence of slot distance on structural response. Real rear underride collisions involve dynamic 
effects such as inertia forces, strain-rate sensitivity, plastic deformation, and contact nonlinearities, 
which are not captured by the simplified loading assumptions employed here. Accordingly, the 
surrogate models are intended for preliminary structural trend analysis and analytical interpret
ation rather than predictive crashworthiness assessment. This approach is consistent with com
mon early-stage design practice, where simplified analyses are used to screen geometric 
modifications before introducing higher-fidelity nonlinear and dynamic effects.

Polynomial regression was intentionally selected as the surrogate modeling approach due to 
the limited dataset and single-parameter nature of the study. While advanced surrogate techni
ques such as Kriging, radial basis functions, and machine learning models are widely used in 
structural optimization, their reliable application typically requires larger datasets and higher- 
dimensional design spaces to avoid instability and overfitting (Shan and Wang 2010; Lyu, 
Khodadadi, and Luo 2021; Gohari and Kiani 2021; Farrokh and Khajepour 2022). For problems 
characterized by smooth responses and minimal data availability, low-order polynomial surrogates 
provide a pragmatic balance between numerical robustness, interpretability, and analytical trans
parency. The closed-form nature of the resulting expressions further enables direct assessment of 
response sensitivity and safety trends that cannot be readily inferred from discrete FE results 
alone.

The surrogate responses exhibit close consistency with the FE data across the investigated 
design range, consistent with prior studies demonstrating the suitability of polynomial surrogates 
for representing smooth structural behavior when underlying mechanics are well behaved (Wu 
and Wang 2021; Liu, et al. 2023; Chen and Ye 2022). However, given the small sample size, this 
agreement should be interpreted as reliable trend representation rather than statistically generaliz
able predictive accuracy, as acknowledged in previous exploratory surrogate-based structural stud
ies (Sun, et al. 2020). Leave-one-out cross-validation is therefore used here to assess internal 
consistency rather than to establish predictive generalization (Becker, et al. 2021; Farooq, et al. 
2023).

The quadratic stress surrogate captures the monotonic reduction in stress with increasing slot 
distance, reflecting progressive load redistribution away from the fixed mounting region. 
Comparable stress-redistribution mechanisms have been reported in thin-walled crash structures 
and hollow protective beams under static loading (Alia and Lanzi 2021; Park, et al. 2022; 
Mahmood, et al. 2023). The cubic factor-of-safety surrogate similarly represents smooth safety- 
margin evolution across the design space and serves as an analytical descriptor of trend behavior 
rather than a predictive model for extrapolation (Zhao and Li 2020; Xiao, et al. 2022). The linear 
mass surrogate highlights the inherent tradeoff between safety enhancement and added structural 
weight, a recurring challenge in lightweight protective system design (Singh, et al. 2021; Kim, 
et al. 2023; Rahimi and Alavi 2022). Although the slot represents an internal cavity, relocating it 
away from the fixed boundary reduces material removal in the most highly constrained region of 
the beam, thereby increasing the effective load-carrying material and total mass.

Because the surrogate-based factor-of-safety response is monotonic and no mass constraint is 
imposed, the upper-bound value at 150 mm should be interpreted as an analytical limit of the 
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safety trend rather than as an optimized design solution. The FE-selected configuration at 
125 mm therefore remains a practical reference representing a balance between safety and weight. 
This behavior underscores the importance of multi-objective formulations when safety, mass, 
manufacturability, and regulatory constraints must be considered simultaneously, as widely dis
cussed in the structural optimization literature (Deb, et al. 2021; Marler and Arora 2004; Li and 
Zhang 2022).

For configurations exhibiting factor-of-safety values below unity, the linear-elastic formulation 
implies that local yielding would occur under the applied loads. In such cases, the computed 
stress and safety values are not intended to represent physically accurate post-yield behavior but 
serve as comparative indicators identifying configurations that do not satisfy elastic safety require
ments. Inclusion of these cases enables consistent evaluation of response trends across the design 
space, while recognizing that nonlinear material modeling would be required to capture post-yield 
response accurately.

Finally, it is emphasized that the surrogate models are constructed using five finite element 
simulations, which is sufficient for describing smooth, monotonic trends associated with a single 
geometric parameter but insufficient for establishing statistically robust predictive models. While 
additional data points could modify numerical coefficients, they are unlikely to alter the qualita
tive relationships observed within the investigated range. Accordingly, the surrogate framework is 
positioned as an analytical tool for trend interpretation and early-stage design screening rather 
than definitive optimization or experimental prediction. The study is based exclusively on finite 
element simulations and does not include experimental validation; physical testing would be 
required for certification-level crashworthiness assessment. Nevertheless, within its defined scope, 
the work demonstrates how regression-based surrogate modeling can support efficient analytical 
exploration of safety trends while reducing reliance on repeated FE simulations, providing a foun
dation for future extensions to nonlinear behavior, dynamic loading, and multi-parameter design 
spaces (Yildiz, et al. 2021; Gao, et al. 2023; Hou, et al. 2022; Nouri, et al. 2022; Verma, et al. 
2023).

5. Conclusion

This study presents a rigorously constrained case study demonstrating how low-order polynomial 
surrogate models can be used to transform a very limited set of high-fidelity finite element simu
lations into a continuous analytical representation of structural response for a rear underrun pro
tection device. By restricting the analysis to a single geometric parameter and five FE 
configurations, the work validates the effectiveness of interpretable regression surrogates for cap
turing smooth, monotonic trends in stress redistribution, factor of safety evolution, and mass 
variation under quasi-static, linear-elastic assumptions. The results confirm that, within this lim
ited scope, quadratic, cubic, and linear models can reliably characterize relative safety and weight 
trends and support analytical exploration of the design space without additional FE simulations. 
Importantly, the surrogate analysis is used to delineate safety trends and analytical bounds rather 
than to identify an optimized design solution.

Future work will extend the present framework to address limitations inherent to the simpli
fied assumptions adopted here. These extensions may include nonlinear material behavior, 
dynamic impact loading, additional geometric design variables, and multi-objective formulations 
incorporating mass and manufacturability constraints. Such developments would enable more 
comprehensive crashworthiness assessment and design optimization of RUPDs while building 
upon the analytical insights demonstrated in this study. Experimental testing would be required 
to validate absolute response levels and to extend the surrogate framework toward certification- 
level crashworthiness evaluation.
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